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ABSTRACT
The use of Artificial Intelligence (AI) decision support systems is increasing in 
high-stakes contexts, such as healthcare, defense, and finance. Uncertainty information 
may help users better leverage AI predictions, especially when combined with domain 
knowledge. I conducted two human-subject experiments to examine the effects of 
uncertainty information with AI recommendations. The experimental stimuli are from an 
existing image recognition deep learning model, one popular approach to AI. In Paper I, I 
evaluated the effect of the number of AI recommendations and provision of uncertainty 
information. For a series of images, participants identified the subject and rated their 
confidence level. Results suggest that AI recommendations, especially multiple, 
increased accuracy and confidence. However, uncertainty information, which was 
represented visually with bars, did not significantly improve participants' performance. In 
Paper II, I tested the effect of AI recommendations in a within-subject comparison and 
the effect of more salient uncertainty information in a between-subject comparison in the 
context of varying domain knowledge. The uncertainty information combined both 
numerical (percent) and visual (color-coded bar) formats to make the information easier 
to interpret and more noticeable. Consistent with Paper I, results suggest that AI 
recommendations improved participants’ accuracy and confidence. In addition, the more 
salient uncertainty information significantly increased accuracy, but not confidence. 
Based on a subjective measure of domain knowledge, participants had higher domain 
knowledge for animals. In general, AI recommendations and uncertainty information had 
less of an effect as domain knowledge increased. Results suggest that uncertainty 
information, can improve accuracy and potentially decrease over-confidence.
v
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1. INTRODUCTION
The use of Artificial Intelligence (AI) has exploded in high-stakes contexts. Studies 
have tested both fully automated systems (Rauschecker et al., 2020) and recommender 
systems (Bien et al., 2018; Lakhani & Sundaram, 2017; Patel et al., 2019) in high-stakes 
scenarios like medical diagnosis. In most cases, recommender systems (i.e., AI decision 
support systems), are desired so that human experts can use their domain knowledge 
along with decision support system recommendations to ensure a successful outcome 
(Zhang et al., 2020). As experimental evidence has shown, human-AI teams, especially 
for lay people, are sometimes less accurate than the decision support system alone (Green 
& Chen, 2019; Grgic-Hlaca et al., 2019; Lin et al., 2020). Uncertainty information may 
help users better leverage AI predictions, especially when combined with their own 
domain knowledge. However, empirical research on the effects of communicating 
uncertainty with AI recommendations is limited (Bhatt et al., 2020). This thesis includes 
two studies that use an existing image recognition deep learning model to examine the 
effects of an AI decision support system on users’ accuracy and confidence. We also 
measure the interaction effects of decision support system and users’ self-reported 
domain knowledge on their accuracy and confidence.
In Paper I, we evaluated the effect of the number of AI recommendations and 
provision of uncertainty information. For a series of images, participants identified the 
subject and rated their confidence level. Results suggest that providing AI 
recommendations increased accuracy and confidence, especially when multiple AI 
recommendations were present. However, uncertainty information, which was
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represented visually with bars, did not significantly improve participants' accuracy or 
confidence. In Paper II, we tested the effect of AI recommendations in a wi thin-subject 
comparison and the effect of more salient uncertainty information in a between-subject 
comparison in the context of varying domain knowledge. The uncertainty information 
combined both numerical (percent) and visual (color-coded bar) formats to make the 
information easier to interpret and more noticeable. Consistent with Paper I, results 
suggest that AI recommendations improved participants’ accuracy and confidence. In 
addition, the more salient uncertainty information significantly increased accuracy, but 
not confidence. Based on a subjective measure of domain knowledge, participants had 
higher domain knowledge for animals. In general, AI recommendations and uncertainty 
information had less of an effect as domain knowledge increased. Future work will 




I. COMMUNICATING UNCERTAIN INFORMATION FROM DEEP LEARNING 
MODELS IN HUMAN MACHINE TEAMS
1. INTRODUCTION
Artificial intelligence (AI) recommendations are not only found in online 
shopping, streaming services, and smart home devices. Increasingly, there are efforts to 
embed AI recommendations in high-risk work contexts such as the military, healthcare, 
and manufacturing (Ashiku & Dagli, 2019; Gottapu & Dagli, 2018). Consequently, it is 
critical to understand how people use AI recommendations in situations with varying 
uncertainty and potential impacts.
One popular approach to AI is deep learning. In the context of image recognition, 
deep learning models use neural networks to find similarities in each image and 
categorize them accordingly (see Figure 1). Neural networks are essentially rows of 
computational cells in layers that process information individually and pass information 
on to the next layer. The network learns and thus improves the more it is used. These 
networks start to recognize patterns between examples, which helps classify future 
examples or information. While neural networks excel at specific tasks as they learn from 
data, they are poor at extrapolation. It is possible to give prediction probabilities for 
different choices in clustering problems for deep learning models that use “softmax” 
functions in the last layer of the network. This probability is valuable for AI systems that
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interact with humans as a representation of uncertainty or confidence for each 
recomm endati on.
Figure 1. Example of a deep learning model with artificial neural networks for image
recognition.
This research draws on insights from the literature on communicating AI 
recommendations and communicating uncertainty. This study provides human 
participants with recommendations from an image recognition deep learning model to 
answer two primary research questions:
• Does human performance improve when participants receive multiple 
recommendations instead of a single recommendation? Do multiple 
recommendations need to be ranked?
• Does providing a confidence bar for each recommendation improve performance?
1.1. COMMUNICATING AI RECOMMENDATIONS
It is important for human users to understand both the capabilities and limitations 
of AI when used for decision-making. Experimental evidence suggests that a detailed 
example of how the AI will help the user in the activity may provide a better
5
understanding for the users (Amershi et al., 2019). Raising awareness of mistakes made 
by the AI can increase acceptance of AI assistance. This "expectation-setting 
intervention" helps users understand how the AI works and be more accepting of 
mistakes (Kocielnik et al., 2019). People are also sensitive to how AI recommendations 
are communicated. For example, when performing a 2D task (such as on a computer 
screen), people are more influenced by a 2D on-screen agent. However, when performing 
a 3D task (such as operating a machine), people are more influenced by the 
recommendations of a 3D robot interface (Shinozawa et al., 2005). This suggests that the 
AI recommendations need to be presented in a way that is consistent with the task.
1.2. COMMUNICATING UNCERTAINTY INFORMATION.
One strategy for communicating the limitations of AI is to include uncertainty or 
confidence information with the recommendations. However, one of the challenges is 
that there may be different types of uncertainty associated with the training and test data 
vs. the model (van der Bles et al., 2019). In addition, visual communications of risk (or 
uncertainty) that improve quantitative understanding differ from the types of 
visualizations that encourage behavior change. Being able to make comparisons between 
categories (e.g., part vs. whole) is effective for increasing understanding. Without the 
ability to make comparisons, it is much more challenging to interpret the information 
(Ancher et al., 2006). In a review of the health communication literature, Lipkus & 
Hollands (1999) find that providing numerical and written information in addition to 
visualizations improves the perception of risk and perceived helpfulness. The visual
6
representation of risk (or uncertainty) is more effective for helping people make decisions 
that affect them positively (Lipkus & Hollands, 1999; Lipkus, 2007).
2. METHOD
2.1. DESIGN
We recruited 286 participants from Prolific, an online participant pool platform.
In order to participate, participants had to be over 18 and speak English. Prolific offers a 
more diverse group of English-speaking participants in terms of geographical location 
and ethnicity (Peer et al., 2017). Participants performed an image recognition task. Each 
participant was randomly assigned to one of six conditions:
a) No Recommendation Control -  no AI recommendation or confidence bar 
provided,
b) 1 AIRecommendation/Text Only -  top recommendation by AI,
c) 1 AIRecommendation/Confidence Bar -  top recommendation by AI with 
confidence bar,
d) 5 AIRecommendations/Alphabetical Control -  top five recommendations by the 
AI in alphabetical order,
e) 5 AIRecommendations/Text Only -  top five recommendations by the AI in ranked 
order, and
f) 5 AI Recommendations/Confidence Bar -  top five recommendations by the AI in
ranked order with confidence bar for each recommendation.
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Figure 2 below shows examples of experimental stimulus for each condition. 
Within each condition, each participant identified 24 images and answered additional 
survey questions.
Figure 2. Example stimulus for each of the six conditions.
2.2. STIMULI
The images, AI recommendations, and confidence bars were drawn from the 
supplementary materials of Krizhevsky et al. (2012), which leverages the ImageNet 
database (Deng et al., 2010). The ImageNet database is made up of 12 subsets consisting 
of 3.2 million images in 5,247 categories. Deng et al. (2010) used participants from 
Amazon mTurk to label these images. The Krizhevsky et al. (2012) model used in this 
study was trained on 1.2 million images in 1,000 categories. To avoid overfitting,
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Krizhevsky et al. (2012) augmented the model by scaling all the input images to 256 x 
256 resolution and by altering the RGB scales of all the images. From the 88 images 
provided in the supplementary materials by Krizhevsky et al., (2012), we selected 24 to 
use in this study where the image label was clearly a focus of the image and there was a 
mix of correct and incorrect AI recommendations.
2.3. MEASURES
Before viewing the images, participants completed two attention check questions: 
"In the instructions, an example image was given along with the correct label for that 
image. What was the correct answer for the example image?" (answer: "howler monkey") 
and "How did the instructions say to describe the picture?" (answer: "be specific"). In 
addition, there was one attention check embedded in the images where participants were 
asked to identify the image that was explained in the instructions. These items were 
combined into an attention indicator, where 1 indicates that the participant passed all 
three of the attention checks and 0 indicates that they failed at least one. In addition, we 
measured the average time spent per image.
For each of the 24 images, participants identified the subject of the image ("What 
is this a picture of?") in an open textbox. The responses were manually categorized into 
the following types of accuracy:
(1) Exact Match -  answer matched the image label,
(2) Synonym -  answer was an alternate or similar name to the image label (e.g.,
Metal Nails instead of Nail),
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(3) Present -  the answer was present in the image but not the image label (e.g. White 
Wall instead of Nail),
(4) Category -  the answer was a broader category, rather than specific (e.g. Hardware 
instead of Nail),
where each level includes the previous level. In other words, if the response was 
"Category correct", then it was also considered correct for the other levels. After each 
image, participants indicated their confidence on a 6-point scale that ranged from 0-100% 
confident ("How confident are you in your answer?").
Following the series of images, participants rated the difficulty of the task ("How 
difficult was this task?") on a 5-point Likert scale that ranged from "extremely difficult" 
to "extremely easy". We also measured demographics including gender, education, and 
age. Four participants did not report their education level. Age was highly skewed, so a 
log transformation was used to normalize the measure. A separate ANOVA was run for 
each definition of accuracy, where the outcome (or dependent) variable was the 
performance of an individual participant across 24 images. Due to the high number of 
statistical tests, we focus on interpreting effects with p  < 0.01 to reduce false positives.
3. RESULTS AND DISCUSSION
Participants were predominantly female (67%) and approximately half had at least 
a 4-year college degree. The average age was 33 years old and ranged from 18 to 67 
years old. Table 1 summarizes measures across experimental conditions. The 
demographics and attention measures did not significantly vary across the experimental 
conditions. This suggests that the random assignment was successful and there are no
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systematic differences between the experimental groups. Older participants tended to 
spend more time per image, r(284) = .27, p  < .001. In addition, participants that were 
more confident tended to spend more time per image, r(284) = .15, p  = .01, and perceive 
the task as more difficult, r(284) = .26, p  < .001.
Table 1. Mean and standard deviation for each experimental condition. Accuracy, 




Total No Alphabetical Text Confidence Ranked ConfidenRec Recs Only Bar Text Bar
Participants 286 46 45 49 49 48 49
Exact Match 45% 25% 47% 46% 49% 49% 50%
Accuracy (31%) (27%) (35%) (35%) (39%) (40%) (37%)
Synonym 55% 38% 58% 56% 58% 60% 61%
Accuracy (32%) (31%) (33%) (36%) (38%) (33%) (35%)
Present
Accuracy 64% 48% 6 6 % 64% 65% 6 8 % 69%(30%) (33%) (31%) (34%) (37%) (31%) (32%)
Category
Accuracy 77% 75% 76% 77% 74% 78% 79%(27%) (2 0 %) (28%) (31%) (34%) (27%) (30%)
Confidence 69% 63% 67% 71% 6 6 % 73% 73%
















Attention 75% 78% 76% 80% 80% 69% 69%(43%) (42%) (43%) (41%) (41%) (47%) (47%)
Time per 
image (secs) 2 2 2 1 27 23 18 23 2 2(15) (1 2 ) (14) (18) (14) (16) (1 2 )
% Male 33% 33% 33% 29 % 33% 33% 33%
% College 50% 59% 36% 59% 45% 50% 52%
Age 33 33 33 34 31 34 31
(1 1 ) (1 0 ) (1 1 ) (1 2 ) (9) (13) (1 0 )
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As shown in Table 2, separate ANOVAs were conducted for each definition of 
accuracy. Performance differed across experimental conditions and confidence. In 
addition, there were weakly significant effects at the p  < .05 level for attention and task 
difficulty. Tukey HSD post hoc tests indicated that when compared to the control 
condition, accuracy was higher in all of the AI conditions (p < .01), but there was no 
significant difference between the AI conditions (see Table 1 and Table 3). This was true 
across all definitions of accuracy except Category accuracy, which uses the most lenient 
definition. In this case, there was no significant difference between the control and AI 
conditions (although post hoc tests indicated that a few comparisons approached, but did 
not achieve, statistical significance).
Participants that were more confident tended to have higher Synonym and 
Category accuracy. From a metacognition perspective, the Category accuracy effect 
suggests that participants knew when they did or did not have a vague sense (i.e. the 
category) of an image. More investigation is needed to determine the mechanism for 
Synonym accuracy. A one-way ANOVA indicates that the average confidence varied 
across experimental conditions, F(5, 280) = 4.41 , P < .001. Post hoc comparisons using 
the Tukey HSD test suggest that participants in the 1 AI Recommendation/Text Only, 5 
AI Recommendation/Text Only, and 5 AI Recommendation/Confidence Bar conditions 
were significantly more confident that the No Recommendation Control group (see Table 
1). This suggests that the confidence bar increased confidence (compared to the No 
Recommendation Control condition) when there were 5 AI recommendations, but not 
when there was only 1 AI recommendation. The confidence bar may help sort among
12
multiple recommendations, but simply serves to decrease confidence if there are no 
alternative recommendations.
A one-way ANOVA showed that the perceived task difficulty varied across the 
experimental conditions, F(5, 280) = 6.28, p  < .001. Tukey HSD post-hoc tests indicate 
that the 5 AI Recommendations/Alphabetical Control condition was perceived as 
significantly more difficult than the 5 AI Recommendations/Text Only condition (see 
Table 1). In addition, the 5 AI Recommendations/Text Only and 5 AI 
Recommendations/Confidence Bar conditions were perceived as significantly less 
difficult than the No Recommendation Control condition. This suggests that providing 
multiple recommendations made the task less difficult, as long as the recommendations 
were ranked.
Table 2. Separate ANOVA for each accuracy definition. Accuracy differed across
experimental conditions (p < .01).
Exact Match Synonym Present Category
F TJ2 F TJ2 F TJ2 F TJ2
AI Recommendation 45.11*** 0.44 3 4 .4 6 *** 0.38 29.00*** 0.34 2 .8 8 * 0.05
Confidence 6.31* 0 .0 0 1 5.70* 0 .0 1 1.64 0 . 0 0 6.37* 0 . 0 2
Task Difficulty 3.40 0 .0 1 1.936 0 . 0 0 0.65 0 . 0 0 0.08 0 . 0 0
Attention 5.96* 0 .0 1 5.10* 0 .0 1 4.58* 0 .0 1 2.97 0 .0 1
Time per Question 2.62 0 .0 1 1.57 0 . 0 0 2.13 0 .0 1 0.16 0 . 0 0
% Male 2.50 0 . 0 0 1.16 0 . 0 0 0.80 0 . 0 0 0.54 0 . 0 0
% College 0.94 0 . 0 0 0.07 0 . 0 0 0.03 0 . 0 0 0 . 0 0 0 . 0 0
Age (logged) 0.06 0 . 0 0 1 .2 0 0 . 0 0 0.69 0 . 0 0 0.08 0 . 0 0
Note: *p < .05, **p < .01, and ***p < .001
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When excluding the Control conditions, it is possible to examine the potential 
interaction of the number of AI recommendations and the use of the confidence bar. As 
shown in Table 3, there is a significant difference due to the number of AI 
recommendations for all definitions of accuracy. However, the difference is weakly 
significant for the Exact Match accuracy (p < .05), which is the most restrictive definition 
of accuracy. Providing 5 recommendations rather than 1 recommendation increased 
performance for exact match (50% vs. 47%), synonym (61% vs. 57%), present (68% vs. 
64%), and category (79% vs. 75%) accuracy. However, the use of confidence bars was 
not associated with any significant differences, suggesting that this information did not 
improve participant accuracy.
Table 3. Two-way ANOVA for each accuracy definition. Accuracy differed for the 
number of AI recommendations, but not use of confidence bar (p < .01).
Exact Match Synonym Present Category
F ^2 F TJ2 F TJ2 F TJ2
Number of AI Recs 4.06* 0 . 0 2 8.59** 0.04 7.89** 0.04 11  4 7 *** 0.06
Bar 3.36 0 . 0 2 1.63 0 .0 1 1.23 0 .0 1 0 . 0 2 0 . 0 0
Number of AI Recs * Bar 0.98 0 . 0 0 0.38 0 . 0 0 0.05 0 . 0 0 0.62 0 . 0 0
Confidence 0 . 0 0 0 . 0 0 0.51 0 . 0 0 1.34 0 .0 1 0.24 0 . 0 0
Task Difficulty 2.60 0 .0 1 1.51 0 .0 1 0.48 0 . 0 0 0 .0 1 0 . 0 0
Attention 4.49* 0 . 0 2 2.82 0 . 0 0 3.14 0 . 0 2 3.61 0 . 0 2
Time per Question 0.44 0 . 0 0 0 .1 1 0 . 0 0 0.73 0 . 0 0 0.06 0 . 0 0
% Male 2.55 0 .0 1 1.31 0 .0 1 0.88 0 . 0 0 0.34 0 . 0 0
% College 0.82 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0
log (Age) 0 . 1 2 0 . 0 0 0.65 0 . 0 0 0.29 0 . 0 0 0.43 0 . 0 0
Note: *p < .05, **p < .01, and ***p < .001
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(a) Exact Match Accuracy (b) Synonym Accuracy
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Figure 3. Mean performance of the participants in each experimental condition across all 
accuracy definitions. The AI conditions improved performance for exact match,
synonym, and present accuracy.
4. CONCLUSION
The results suggest that AI recommendations improve accuracy for human-led 
image recognition tasks across multiple definitions of accuracy. In addition, providing 
additional recommendations (5 vs. 1) improves accuracy, but the use of confidence bars 
was not associated with any significant differences. For Category accuracy, the broadest 
definition of accuracy, there was a weak difference between the experimental and control 
conditions. This suggests that there were some images that did not benefit from AI 
recommendations, when using the most generous definition of accuracy. In addition, 
when examining the effect of the number of AI recommendations, there was a weak
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effect for Exact Match accuracy, suggesting that additional recommendations may not 
help for narrow definitions of accuracy. This work suggests that AI recommendations are 
generally helpful even when the human and machine or AI components of a system have 
different definitions of accuracy. In this experiment, the Exact Match accuracy is the only 
case where the human and AI definitions match. For Synonym and Present accuracy, the 
human is recognizing more aspects of the image than the AI, yet the AI recommendations 
are still improving accuracy.
The AI recommendation conditions differ in how they influenced confidence. 
Participants in the 1 AI Recommendation/Text Only, 5 AI Recommendations/Text Only, 
and 5 AI Recommendations/Confidence Bar conditions were significantly more confident 
that the No Recommendations Control group. This suggests that ranked AI 
recommendations are associated with higher confidence. In addition, the confidence bars 
are more helpful for increasing confidence when sorting through multiple 
recommendations. In terms of metacognition or people's ability to "know what they 
know", participants were able to distinguish between Category accuracy and wrong 
answers. However, they did not know whether they were focusing on the same aspect of 
the image as the AI. More investigation is needed to determine the mechanism for 
Synonym accuracy.
Providing multiple recommendations made the task seem less difficult, as long as 
the recommendations were ranked. The 5 AI Recommendations/Alphabetical Control 
condition was perceived as the most difficult while the 5 AI Recommendations/Text Only 
and 5 AI Recommendations/Confidence Bar conditions were perceived as the least 
difficult. This suggests that providing multiple ranked recommendations with confidence
16
bars from an AI system may increase human operator confidence and reduce the 
perceived difficulty of the task.
Future research efforts will further investigate principles for designing AI 
recommendation communications. The research team will explore stimuli-level effects, 
the impact of AI recommendations that are not correct, and the role of attention. This 
work is based on a laboratory experiment and does not represent an ecologically valid 
task. As a result, these findings may not be directly generalizable to workplaces or 
specific applications. Further research is needed to determine if there are any differences 
based on domain or application.
5. IMPLICATIONS
AI recommendations are increasingly being integrated into a variety of 
engineering management contexts (e.g., healthcare, military, manufacturing, supply 
chain). However, to date, there is insufficient research on integrating uncertainty or 
confidence information into AI recommendation communications. The results of this 
study suggest that it may be valuable for AI systems to provide multiple ranked 
recommendations, particularly if the AI is trained on a narrower task than the human 
operators are performing. In the context of image recognition, the AI may be focused on 
specific features while a human analyst is examining the broader context and may focus 
on different features or levels of precision. Engineering managers must consider the task 
characteristics to determine the appropriate strategy for communicating AI 
recommendations and the impacts on human performance.
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More research is needed on designing communications of uncertainty for AI 
outputs. This study found no evidence of a performance benefit associated with including 
uncertainty or confidence bars for each recommendation. However, there are many types 
of uncertainty. For example, temporal uncertainty refers to uncertainty about future 
events. Structural uncertainty refers to uncertainty that is introduced as a function of the 
model. Measurement uncertainty refers to uncertainty associated with measuring specific 
values and translational uncertainty refers to the uncertainty introduced in the 
communication process (Rowe, 1994). This work focuses on developing communications 
for a measure that incorporates multiple types (e.g., structural and metrical). Future work 
should explore strategies for designing communications that differentiate between kinds 
of uncertainty. In addition, future work should investigate combining visual and 
numerical uncertainty information. Ultimately, this research effort aims to develop 
communications that improve the performance of human-machine teams.
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II. ROLE OF UNCERTAINTY INFORMATION AND DOMAIN KNOWLEDGE 
IN USE OF AI RECOMMENDATIONS
1. INTRODUCTION
Artificial Intelligence (AI) decision support systems are increasingly common 
across sectors, especially for high-risk scenarios in healthcare, manufacturing, and the 
military (Ashiku & Dagli, 2019; Gottapu & Dagli, 2018). Peng (2018) summarized key 
AI system failures in 2018, highlighting the need for further understanding AI and its 
limitations. IBM’s Watson AI Health was geared to help doctors in cancer treatment. 
Doctors stopped using it as they found it provided unsafe recommendations that could 
have had dire or fatal consequences. Similarly, Amazon stopped using its AI software for 
screening resumes after finding the AI’s gender bias. The AI was trained on benchmark 
engineering applicant resumes, which predominantly belonged to white men. As a result, 
the AI predicted males would be a better fit for engineering jobs (Blier, 2020). 
Consequently, it is not sufficient to simply communicate an AI prediction and assume 
human users will know how to use the information.
People are more likely to accept an AI prediction when given a choice, 
particularly in a high-stakes scenario. In general, participants tend to weigh AI 
recommendations similar to an expert's recommendation when making decisions (Wang 
et al., 2020). However, there is mixed evidence of which they prefer. Ashktorab et al. 
(2020) found evidence that participants preferred human experts, but decision 
performance was not affected by whether participants perceived their partner as a human 
expert or an AI. In contrast, Logg et al. (2019) found that participants chose to side with
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AI recommendations more than experts' when given a choice. In three different 
experiments, participants received the same advice either from an algorithm or other 
people. Results suggested that lay people relied more on advice when they thought it 
came from an algorithm (Logg et al., 2018). In other words, participants tended to accept 
the recommendation more when it came from a recommender system than humans. This 
mixed preference to recommender system could be tied to user’s perception on the 
accuracy of a decision support system.
AI decision support systems can improve human decision-making if they can 
compensate for each other’s errors, and people can discern when to follow or not follow 
the AI. Experimental evidence suggests that human-AI teams tend to perform better than 
either alone (Bansal et al., 2020; Rosenberg & Willcox, 2019), even in high-stake 
medical situations (Bien et al., 2018; Lakhani & Sundaram, 2017; Patel et al., 2019; 
Xiong et al., 2020). However, humans-AI teams tend to be less accurate than AI alone in 
high-stake prediction tasks like recidivism (when participants decide to grant or not grant 
bail for defendants) prediction (Green & Chen, 2019; Grgic-Hlaca et al., 2019; Lin et al., 
2020). Recidivism studies used laypeople in their experiments, whereas the medical 
studies involved domain experts. This suggests that laypeople may inappropriately rely 
on AI predictions when it is not warranted. So, it may be helpful to provide prediction- 
specific guidance, such as uncertainty information. In addition, people with domain 
knowledge may be better able to leverage the uncertainty information.
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1.1. PROVIDING UNCERTAINTY INFORMATION WITH AI PREDICTIONS
Uncertainty measures the “lack of knowledge” about an outcome. In tasks such as 
image recognition, uncertainty of a recommender system is the predicted probability to 
match the ground truth (Bhatt et al., 2020). Communicating this uncertainty to users is 
rather complex as almost 30% of the participants in a study could not differentiate the 
levels of risk between 1 in 10, 1 in 100, or 1 in 1000 (Galesic, 2010). Another study by 
Zikmund-Fisher et al. (2007) found that participants’ risk comprehension abilities are 
significantly affected by their numeracy skills. Hence, it may be necessary to 
communicate uncertainty in more than one manner that is easy to understand for the task 
at hand.
Uncertainty can be communicated via text, numbers, and visuals. However, the 
best representation may vary based on the task and individual characteristics. For 
example, a study conducted by Budescu et al. (2012) used an Intergovernmental Panel on 
Climate Change (IPCC) report and asked the participants to translate the verbal 
uncertainties mentioned in the report, numerically. They found that participants 
interpreted “very likely” to mean 60% probability as opposed to 90% probability as 
intended by the IPCC. Bhatt et al. (2020) reviewed literature on communicating 
uncertainty and recommended using categorical or numerical methods to overcome this 
misinterpretation. Another common method to represent uncertainty is through graphs. 
Graphical representation of data enables users to identify patterns, and trends (Lipkus & 
Hollands, 1999). Different graphs could be used to communicate uncertainty like pie 
charts for proportions, bar charts for comparisons, or line charts for time-series data. 
Choosing the appropriate visual tool depends on the task at hand. Additionally, Gkatzia et
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al. (2016) found providing uncertainty in text, numerical, and visual formats together 
significantly improved users' accuracy and confidence when compared to providing just 
visual information.
There is mixed evidence on the effectiveness of providing uncertainty information 
with AI predictions to improve decision-making. In some studies, providing uncertainty 
or confidence information increases accuracy (Bansal et al., 2020; Fernandes et al., 2018; 
Gkatzia et al., 2016), often because users trust the AI more (Antifakos et al., 2005). 
However, studies have also found no effect or limitations to the use of uncertainty 
information. In contrast to the studies above, Subramanian et al. (2020) found no effect of 
uncertainty information when represented in terms of confidence bars. Similarly, 
providing an explanation for why the AI is providing a recommendation, has not 
improved accuracy (Bansal et al., 2020). This suggests that although visual 
representations of uncertainty tend to be most effective, there are exceptions likely 
related to the saliency of the uncertainty information. In Antifakos et al. (2005), users 
needed more information when the AI's confidence level was below 50%. This suggests 
that users tend to agree with the AI when the probabilities are above 50% and choose 
their own answer when it is not. When AI recommendations’ uncertainty is low, it 
requires the users to expertly navigate among the choices. As a result, domain knowledge 
may play a more important role when the AI is uncertain.
1.2. EFFECT OF DOMAIN KNOWLEDGE.
In general, experts are able to perform a task much better than novices. In a study 
by Snow et al. (2008), they found that they needed four novices to label an item to the
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same accuracy of one expert. Brand-Gruwel et al. (2017) found that domain experts 
performed better than novices in an experimental setting of gathering reliable information 
on topics relating to psychology using the Internet. Another study found that with AI 
recommendations, experts performed better under time pressure whereas there was no 
accuracy differences between experts and novices without a time constraint (Dane et al., 
2012). After reviewing literature on human-AI teams, Maadi et al. (2021) found that as 
the task difficulty or complexity increased, the need for a higher domain knowledge 
human expert to be in the loop also increased. This suggests that experts are better able to 
navigate and integrate AI information than novices.
Experts also benefit more from a complex recommender system since it gives 
them more control whereas novices preferred the opposite (Knijnenburg et al., 2011). 
However, there is some evidence that AI systems can hurt experts’ accuracy if they 
under-rely on it. Logg et al. (2019) found experts tended to rely less on algorithmic 
recommendations than human recommendations, which hurt their accuracy. In contrast, 
novices who had low domain knowledge, tended to rely on recommendation systems 
more (Wang & Benbasat, 2013), especially when uncertainty information was provided 
(Bussone et al., 2015). This suggests that novices may agree with the AI even if the 
recommendations are incorrect. Additionally, an empirical study by Feng & Boyd-Graber 
(2019) found that experts are better able to navigate AI recommendations, suggesting that 
it may be extremely valuable to adapt AI interfaces to match users' skillsets.
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Even though the accuracy of the users is highly studied in Al-assisted high-stake 
scenarios, the research on uncertainty information is limited to the effect on users’ 
confidence (Greis et al., 2017; Zhou et al., 2015). Communicating uncertainty has been 
highly studied in the risk communication literature (Spiegelhalter, 2017) but, literature on 
communicating uncertainty and its effects on task performance in human-AI teams is also 
minimal (Arshad et al., 2015; Bhatt et al., 2020; Gkatzia et al., 2016). Lastly, many of the 
high-stakes decision support system research are in the medical field and only use experts 
in their studies. One exception is Huang et al. (2020) who found that the AI performed 
better with experts (doctors) than novices (interns). They only tested the accuracy of the 
decision support system when experts and interns provided training data for the system 
and not vice-versa. Using breast cancer patient cases from April 2017 to August 2018, 
McNamara et al. (2019) used IBM’s AI Watson for Oncology to find that breast cancer 
experts’ accuracy did not vary with and without the AI, whereas novices (tumor and 
hematologic focused oncologists) accuracy improved significantly after AI 
recommendations. However, Peng (2018) reported that IBM’s AI Watson was stopped 
from use as it provided unreliable recommendations. Consequently, it is difficult to 
accept the findings of McNamara et al. (2019). As a result, effects of different levels of 
domain knowledge (experts vs novices) interacting with the decision support system 
recommendations and uncertainty information in high-stakes scenarios is not well
2. AIM OF STUDY
documented.
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To address these gaps, this study evaluates the effect on accuracy and confidence 
of providing AI predictions with uncertainty information and how this effect varies based 
on the participant’s domain knowledge. Based on findings from the risk communication 
literature, the uncertainty information includes both numerical and visual representations 
as well as color to increase saliency. We use an image recognition task for pictures of 
plants and animals with an existing deep learning model to provide the AI 
recommendations and uncertainties. We test three hypotheses in a mixed-subject design:
H1. In a within-subjects comparison, ranked AI recommendations increase image 
recognition accuracy and confidence compared to random order AI 
recommendations.
H2. In a between-subjects comparison, ranked AI recommendations with uncertainty 
information increase accuracy and confidence more than without uncertainty 
information.
H3. Participants with higher domain knowledge have higher accuracy and confidence 
when provided ranked AI recommendations (Domain Knowledge X AI) and 
uncertainty information (Domain Knowledge X Uncertainty).
3. METHODS
3.1. PARTICIPANTS
We recruited 201 participants from Prolific, an online participant recruitment 
platform. All participants were over 18 years old and spoke English. Prolific offers 
comparable data and a more diverse group of participants than Amazon mTurk (Peer et
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al., 2017). All participants provided informed consent and were compensated $5. This 
study was approved by the University of Missouri Institutional Review Board.
3.2. DESIGN
In a mixed-subject design, participants performed an image recognition task with 
and without AI recommendations (within-subjects). With the AI recommendations, 
participants were randomly assigned to receive or not receive uncertainty information 
(between-subjects). To evaluate the effect of domain knowledge, we used a self-reported 
subjective measure of knowledge related to plants and animals and analyzed the different 
types of stimuli separately.
In the image identification task, the image stimuli were of plants and animals. For 
the AI predictions and associated uncertainties, we use an existing image recognition 
deep learning model (Krizhevsky et al., 2012) that was trained on the ImageNet database. 
The ImageNet database is made up of 12 subsets consisting of 3.2 million images in 
5,247 categories. Deng et al. (2010) used participants from Amazon mTurk to label these 
images. The Krizhevsky et al. (2012) model used in this study was trained on 1.2 million 
images in 1,000 categories. In their supplementary materials, Krizhevsky et al. (2012) 
provide 88 images with 5 label predictions and associated uncertainties displayed as bars.
We selected 33 images to use in this study where the image label was clearly a 
focus of the image and there was a mix of correct and incorrect AI recommendations. For 
each image, we provided 6 potential labels to ensure that the correct label was always 
included. In addition to the 5 labels provided by Krizhevsky et al. (2012), we either added 
the correct label or another similar but incorrect label. In addition, we redesigned the
27
uncertainty information to improve ease-of-interpretation compared to Subramanian et al. 
(2020). In the original presentation, the label text overlapped the uncertainty bars, the 
bars were monochrome, and no numerical information was provided. In this study, the 
uncertainty bars were color coded to represent the AI’s confidence in its 
recommendation, where green is 100% - 76%, yellow is 75% - 51%, orange is 50% - 
26%, and red is 25% - 0%. The uncertainty bars were separated from the label text, and 
we added a percentage value indicating the AI’s confidence in its recommendations based 
on measuring the bars.
Figure 1. Example stimulus for each experimental condition. Within-subjects comparison 
between (a) No-AI recommendations & (b) AI recommendations. Between-subjects 
comparison between (b.1) AI recommendations without Uncertainty information & (b.2) 
AI recommendations with uncertainty information.
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3.3. PROCEDURE
After providing informed consent and reading instructions, participants performed 
the image identification task. Participants identified 32 images, of which 19 were plants 
and 13 were animals via a multiple-choice question, "what is this a picture of?" First, 
participants selected one from six random ordered options, where the options were the AI 
recommendations. This response was scored as correct or incorrect to determine pre-AI 
accuracy. For each image, participants rated their pre-AI confidence via "How confident 
are you in your answer?" [1 = not confident at all (0-20%), 5 = extremely confident (80­
99%), 6 = absolutely confident (100%)].
Each image was viewed twice for the within-subject comparison. However, in the 
second viewing, the multiple-choice options were provided in rank order according to the 
AI recommendations. To measurepost-AI accuracy, participants again answered, "what 
is this a picture of?" For each image, participants rated (a)post-AI confidence, "How 
confident are you in your answer?" [1 = not confident at all (0-20%), 5 = extremely 
confident (80-99%), 6 = absolutely confident (100%)] and (b) perceived usefulness,
"How useful was the AI in recognizing the image?" (1 = not useful at all, 6 = extremely 
useful). We also measured the time taken/image by the participant.
In order to evaluate data quality, we used three attention checks. After the 
instructions, we asked, "what was mentioned as the correct answer to the image provided 
in the instructions?" (multiple choice; answer: Howler Monkey). After the image 
identification task, we asked, "how many AI recommendations did you get for each 
image?" (multiple choice; answer: 6). We also embedded an attention check in the 
images where participants responded to "What is this a picture of?" (answer: Howler
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Monkey), which was used in the instructions example. All three attention checks were 
combined into an attention score.
After the image identification task, participants rated their domain knowledge via 
two questions "How well can you identify plants?" and "How well can you identify 
animals?" (1 = not well at all, 6 = extremely well). In addition, participants rated (a) 
perceived difficulty., "How difficult was this task?" (1 = extremely easy, 6 = extremely 
difficult) and (b) perceived trustworthiness, "How trustworthy was the AI?" (1 = very 
untrustworthy, 6 = very trustworthy). In both cases, an "I do not know" option was 
treated as missing. Participants also completed cognitive measures relating AI usefulness 
(4 items) (Viswanath,V. & Fred D., 2000) and AI reliability (5 items) (Madsen & Gregor, 
2000) on a 7-point Likert scale (1 = Strongly disagree, 4 = Neither agree nor disagree, 
and 7 = Strongly agree). Detailed information on the scales is provided in the Appendix. 
Lastly, we measured demographics, including age, gender, and education. A log 
transformation was used to normalize age.
3.4. ANALYSIS
We performed linear regressions to evaluate the effect of (1) AI 
recommendations, (2) uncertainty information, and (3) domain knowledge on (a) 
accuracy and (b) confidence. Each person was observed for both within and between- 
subject analysis. Accuracy, confidence ratings, time taken per image, and perceived AI 
usefulness ratings were averaged for every person. Dummy variables were used to denote 
AI recommendations and Uncertainty Information. Each person appears twice in the 
dataset, once representing their accuracy and other measures without AI
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recommendations and again representing their measures with AI recommendations. 
Linear mixed-effects regressions evaluated the within-subject effects of AI 
recommendations using this data. Then, participants were identified separating for 
receiving and not receiving Uncertainty information used for between-subjects analysis 
using frequentist linear regression. To examine the effects of domain knowledge, the data 
was separated into plant and animal stimuli.
Due to the large number of planned tests, we use a < 0.01 for interpretation to 
reduce false positives. We preregistered the analyses at Open Science Framework 
(https://osf.io/bjgu9/). This analysis deviates from the preregistration in one way. Initial 
approach included logistic mixed-effects model for analyzing accuracy to account for 
repeated measures in within-subjects design. Instead, we averaged the participants’ 
accuracy across images and performed linear mixed-effects regression to account for the 
same repeated measures. All the data, R code, and survey materials are available on Open 
Science Framework (https://osf.io/bjgu9/).
4. RESULTS AND DISCUSSION
Of the 201 participants, 49% were male and 48% had completed a 4-year college 
degree. The average age was 33 years old, ranging from 18 to 64 years old. Overall, 74% 
of the participants passed all three attention checks. More than 90% of the participants 
responded correctly to two of the three attention checks. Participants mostly failed the 
last attention check in the experiment. Only 78% of the participants passed "how many 
AI recommendations did you get for each image?" (Answer: 6) which was asked at the
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end of the survey. As summarized in Table 1, the mean time to identify an image was 13 
seconds (Median = 10, SD = 14). Before the AI information, the mean time per image 
was 16 seconds (Med = 12, SD =19). With the AI information, the mean time per image 
was 10 seconds (Med = 9, SD = 6). In a paired t-test, participants spent significantly less 
time on the images when viewing for a second time with the AI information, t(200) = 
4.19, p  < .001.
Accuracy increased in the post-AI and uncertainty conditions, but confidence did 
not. In a paired t-test, accuracy was higher for participants after AI information (M = .54, 
Med = .56, SD = .08) than before (M = .36, Med = .34, SD = .08), t(200) = 30.43, p  < 
.001; d  = 2.36. As reported in Table 2, participants average pre-AI accuracy and post-AI 
condition accuracy were moderately correlated, r(201) = .39, p  <.001. In a two-sample t- 
test, accuracy was higher for participants who received uncertainty information (M = .57, 
Med = .56, SD = .05) than participants who did not (M = .52, Med = .53, SD = .09), 
t(147.6) = 5.40, p  < .001; d  = .77. The human-AI team was less accurate than the AI 
alone as the AI’s top recommendation accuracy was 59% which is in disagreement with 
(Bien et al., 2018; Lakhani & Sundaram, 2017; Patel et al., 2019; Xiong et al., 2020) 
findings and similar to (Green & Chen, 2019; Grgic-Hlaca et al., 2019; Lin et al., 2020).
As summarized in Table 1, in a paired-test, confidence was higher for participants 
after AI information (M = .57, Med = .58, SD = .16) than before (M = .43, Med = .41,
SD = .15), t(200) = -18.07, p  < .001; d  = .95. In a two-sample test, confidence was not 
significantly higher for participants who received uncertainty information (M =.58, Med 
= .60, SD = .15) than participants who did not (M = .56, Med = .57, SD = .16), t(196) =
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1.07, p  = .29; d  = .15. Participants pre-AI condition confidence and post-AI condition 
confidence ratings were also highly correlated, r(201) = .72, p  <.001.
Overconfidence was calculated by calculating the difference between participants 
average accuracy and average confidence ratings. In a paired-test, participants were more 
overconfident before AI recommendations (M = .07, Med = .04, SD = .17) than after AI 
recommendations (M= .03, Med = .03, SD = .17), t(200) = 4.90, p  < .001; d  = .26. 
Participants’ overconfidence was not significantly different in the between-subjects part 
(with & without uncertainty information). Lastly, a two-sample t-test for cognitive 
measures (scales from (Madsen & Gregor, 2000; Viswanath, V. & Fred D., 2000)) show 
participants found the AI information more useful (M = 5.20, Med = 5.25, SD = 1.21) 
than reliable (M = 4.14, Med = 4.20, SD = 1.23) with a large effect, t(400) = 8.69, p  
<.001; d  = .87. AI recommendations’ uncertainty information showed over 50% 
predicted probability of success for the correct label only for 15 out of the 32 images. So, 
this suggests that participants were able to realize when the AI provided reliable 
information and when it did not. Individual item statistics for the cognitive measures are 
provided in the Appendix.
As summarized in Table 2, few of the measured covariates were significantly 
correlated with the outcome variables, accuracy and confidence. Participants with high 
animal domain knowledge tended to also report high plant domain knowledge, r(201) = 
.40, p  < .001. Participants with high pre-AI confidence tended to have high animal 
domain knowledge, r(201) = .46, p  < .001. Participants who perceived the AI as more 
useful tended to also perceive the AI as more trustworthy, r(200) = .41, p  < .001.
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Table 1. Summary of measures by conditions. *
Within-Subjects Between-Subjects
No AI AI AI w/o Uncertainty AI w/ Uncertainty
M (SD) M (SD) M (SD) M (SD)
Participants 201 99 102
Accuracy 36% (8%) 54% (8%) 52% (9%) 57% (5%)
Confidence 43% (15%) 57% (16%) 56% (16%) 58% (15%)
Overconfidence 7% (17%) 3% (17%) 5% (18%) 1% (15%)
Time per Image (s) 16 (19) 10 (6) 10 (6) 10 (5)
AI Usefulness 56% (33%) 55% (33%) 57% (33%)
Task Difficulty 3.2 (1.0) 3.2 (1.1) 3.1 (1.0)
AI Trustworthiness 3.5 (1.0) 3.5 (1.0) 3.5 (1.0)
*AI’s top recommendation accuracy is 59%
4.1. EFFECT OF AI RECOMMENDATIONS
The results support H1, suggesting that providing rank ordered AI 
recommendations increased accuracy and confidence (see Figure 2). As shown in Table
3.3, separate linear mixed effects regressions were conducted to test the within-subject 
effects of the AI recommendations on accuracy and confidence. For each outcome 
variable, we estimated two models to measure the effect of additional covariates. Results 
for the effect of AI were consistent across both models.
Across participants, ranked AI recommendations increased accuracy by 0.19 (t = 
30.43, p < .001; d = 2.36), representing a large effect consistent with the paired t-tests. 
None of the additional covariates were significant, suggesting that this effect was
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independent of perceptions of the AI or task (a = .01). Low variance for the random 
effects suggests that the variability between individual participants was not substantial. 
Similarly, ranked AI recommendations increased confidence by 0.14 (t = 18.07, p < .001; 
d = .95), representing a large effect consistent with the paired t-tests. None of the
Table 2. Pearson correlation matrix. Bolded coefficients are significant at a=.05.
1 1 2 3 4 5 6 7 8 9 10 11 12 13
1. Pre-AI
Accuracy .39 .05 .11 .06 .11 .05 .04 .02 .15 .14 -.11 -.04
2. Post-AI 
Accuracy -.16 .10 .36 .02 -.03 .24 -.04 .03 .04 .13 .00
3. Pre-AI 
Confidence .72 .14 .24 .15 .24 -.15 .39 .46 -.21 .07
4. Post-AI 
Confidence .08 .19 0.06 .62 -.15 .29 .25 -.16 .16
5. Uncertainty .02 .00 .07 -.24 -.08 -.06 -.07 .01
6. Pre-AI Avg 
Time taken .29 .16 -.01 .12 .10 -.16 .10
7. Post-AI Avg 
Time taken .03 -.07 .16 .03 .03 .12
8. AI usefulness -.08 .25 .04 -.11 .41
9. Attention score -.18 -.17 .06 .00
10. Plant 








additional covariates were significant, suggesting that this effect was independent of 
perceptions of the AI or task (a = .01). Low variance for the random effects suggests that 
the variability between individual participants was not substantial.
Figure 2. Accuracy and confidence is significantly improved by AI recommendations. 
Dotted blue line represents the accuracy of AI (59%)
4.2. EFFECT OF UNCERTAINTY INFORMATION
As shown in Figure 3, providing uncertainty information with AI 
recommendations increased accuracy, but not confidence, partially supporting H2. As 
shown in Table 4, separate linear regressions were conducted to test the between-subject 
effects of uncertainty information on accuracy and confidence. For each outcome 
variable, we estimated two models to measure the effect of additional covariates related
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Intercept .36 (.01) *** .41 (.06) *** .43 (.01) *** .61 (.10) ***
AI .19 (.01) *** .19 (.01) *** .14 (.01) *** .15 (.01) ***
Avg. Time/Image (s) .00 (.00) .00 (.00)
Attention Score -.00 (.01) -.05 (.02) *
Task Difficulty .00 (.00) -.02 (.01) *
AI Trustworthiness -.00 (.00) .01 (.01)
Age (logged) -.02 (.02) -.04 (.03)
Male -.01 (.01) .01 (.02)
College .01 (.01) .02 (.02)
Random Effects V (a) V (a) V (a) V (a)
Individual .002 (.05) .002 (.05) .02 (.13) .02 (.12)
Residual .004 (.06) .004 (.06) .01 (.08) .01 (.08)
N 402 398 402 398
N o te :  *p < .05 , **p < .01 , a n d  ***p  < .001 .
S e e  T a b le  A .1  in  a p p e n d ix  f o r  d e ta i le d  r e s u lts  o f  e a c h  m ode l.
B  = E s tim a te , S E  = S ta n d a r d  E rro r , V  = V ar ia n ce , a  = S ta n d a r d  D e v ia t io n , N  = N u m b e r  o f  O b se r v a tio n
to attention, perceptions of the AI and task, and demographics. Results for the effect of 
uncertainty were consistent across both models.
Across participants, uncertainty information increased accuracy by 0.06 (d = .77), 
representing a medium effect consistent with the paired t-tests. This suggests that 
participants were able to leverage additional information from the uncertainty 
information to improve their accuracy. In Model 2 (Table 4), participants who perceived
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the AI as more useful had higher accuracy, with medium effect (d = .43). Participants 
who perceived the AI as more useful may have been more likely to rely on the AI. None 
of the other covariates were significant (a = .01).
Across participants, uncertainty information did not significantly increase 
confidence (a = .01). Similarly, in Model 4 (Table 4), participants who perceived the AI 
as more useful had higher confidence with a very large effect (d = 1.54), likely because 
participants who perceived the AI as more useful were more likely to rely on it. None of 
the other covariates were significant (a = .01).
Figure 3. Accuracy is significantly improved by uncertainty information, but confidence 
is not. Dotted blue line represents the accuracy of AI (59%).
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Table 4. Linear regression models suggest that uncertainty information improves
accuracy, but not confidence.









Intercept .51 (.01) *** .43 (.07) *** .56 (.02) *** .52 (.11) ***
Uncertainty Information .06 (.01) *** .06 (.01) *** .02 (.02) -.00 (.02)
Avg. Time/Image (s) -.00 (.00) .00 (.00)
Attention Score .01 (.01) -.04 (.02)
Avg. AI Usefulness .13 (.03) *** .60 (.06) ***
Task Difficulty .01 (.01) * -.02 (.01)
AI Trustworthiness -.01 (.01) -.02 (.01)
Age (logged) -.00 (.02) -.05 (.03)
Male -.02 (.01) .01 (.02)
College .01 (.01) .02 (.02)
N 201 199 201 199
Adjusted R2 .13 .20 .00 .40
F 29.67*** 6.39*** 1.14 15.32***
N o te :  *p < .05 , **p < .01 , a n d  ***p  < .001
S e e  T a b le  A .1  in  a p p e n d ix  f o r  d e ta i le d  r e su lts  o f  e a ch  m o d e l.
B  = E s tim a te , S E  = S ta n d a r d  E rro r , N  = N u m b e r  o f  O b se r v a tio n
4.3. EFFECT OF DOMAIN KNOWLEDGE
As shown in Figure 4 and Figure 5, the interaction of domain knowledge with AI 
recommendations and uncertainty information were situational, partially supporting H2. 
To evaluate the effect of domain knowledge, we calculated accuracy and confidence for 
the plant and animal images separately. Thus, separate regression models are conducted 
for plants and animals to measure the interaction between domain knowledge and ranked 
AI recommendations (Figure 4, Table 6) or uncertainty information (Figure 5, Table 7).
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Table 6 uses linear mixed effects regression to capture the sampling hierarchy from 
repeated measures. In contrast, Table 7 uses linear regression to measure the effect of 
between-subject effects and is limited to the post-AI performance.
In general, participants were better at identifying animals than plants. Participants 
reported higher domain knowledge for animals (M = .47, Med = .40 SD = .23) than 
plants (M = .19, Med = .20, SD = .21), t (395.41) = 13, p  < .001. Overall, participants 
were more accurate when identifying animals (M = .61, Med = .62, SD = .09), rather 
than, plants (M = .50, Med = .53, SD = 10), t (395.96) = 11.89, p  < .001. In addition, 
participants were more confident when identifying animals (M = .63, Med = .65, SD = 
.15) rather than plants (M = .53, SD = .17), t (396.11) = 6.07, p  < .001. Similar to the 
participants, the AI was better at identifying animals than plants. The AI’s first 
recommendation was correct 62% of the time for animals and 58% for plants.
Table 5. Summary of measures by plants and animals.
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Consistent with Table 3, AI recommendations significantly increased participants'
accuracy and confidence even when separated by image topic. However, the effect on
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accuracy is larger for plant images (fi = .24, t = 21.69, p < .001, d  = .15) than animal 
images (fi = .16, t = 8.60, p < .001, d  = .23). This is likely because participants relied on 
the AI more heavily for plants, where they had lower domain knowledge. Conversely, the 
effect on confidence is larger for animal images (fi = .23, t = 12.09, p < .001, d  = .16) 
than plant images (fi = .16, t = 13.07, p < .001, d  = .09), likely due to higher domain 
knowledge for animals.
When separated by plants and animals, domain knowledge significantly increased 
participants’ accuracy for animals (fi = .10, t = 3.16, p = .002) but not plants (p = .05) in 
Models 1 and 2 in Table 6. This suggests that participants effectively employed their 
domain knowledge to identify animals. However, domain knowledge significantly 
increased participants' confidence for both plants (fi = .24, t = 4.71 , p < .001) and animals 
(fi = .36, t = 8.16, p < .001) in Models 3 and 4 in Table 6. This suggests that domain 
knowledge more consistently increased confidence.
In most of the models, the interaction between domain knowledge and AI 
recommendations was not significant (see Models 1-3, Table 6). However, for animal 
images, the effect of AI recommendations on confidence decreased as domain knowledge 
increased (see Figure 4). In Model 4 (Table 6), the interaction of animal domain 
knowledge and AI recommendations decreased confidence (fi = -.19, t = -5.32, p < .001). 
As animal domain knowledge increased, the additive effect of domain knowledge 
decreased when AI recommendations were provided. This suggests that the AI 
recommendations were more effective for increasing confidence when domain 
knowledge was low. When domain knowledge was high, the AI recommendations had
little effect on confidence.
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W ithin-subjects —  Before Al —  After Al
Figure 4. Effect of animal (b, d) and plant (a, c) domain knowledge on accuracy (a, b) 
and confidence (c, d). For animal domain knowledge, the effect of ranked AI 
recommendations on confidence (d) decreases as domain knowledge increases. Dotted 
red line represents AI accuracy in plants (58%) and animals (62%).
In contrast with Table 4, when separated by plants and animals, uncertainty 
information significantly increased participants' accuracy for plant images and confidence 
for animal images (see Table 7). This suggests the results in Table 4 are largely driven by 
plants, rather than animals.
Participants had higher accuracy when provided uncertainty information for 
plants (P = .08, t = 4.33, p < .001, d  = .13), but there was no effect for animals (p = .21). 
This suggests that participants may have relied on the uncertainty information more when 
they had lower domain knowledge. In addition, perceived AI usefulness increased 
accuracy for animals (^ = .14, t = 3.67, p < .001, d  = .04). This suggests that participants 
who perceived usefulness may be a better predictor of AI reliance when domain 
knowledge is higher. Perceived task difficulty increased accuracy for plants (^ = .02, t =
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2.76, p = .006, d = .05), suggesting that participants who perceived the task as more 
difficult may have relied on the AI more.
Table 6. Linear mixed effects regression model suggests the interaction of animal domain 
knowledge and AI recommendations decreases confidence.
Accuracy Confidence












Intercept .38 (.07) *** .37 (.08) *** .55 (.12) *** .44 (.12) ***
AI Recommendations .24 (.01) *** .16 (.02) *** .16 (.01) *** .23 (.02) ***
Domain Knowledge .07 (.03) * .10 (.03) ** .24 (.05) *** .36 (.04) ***
Knowledge*AI -.06 (.04) -.06 (.03) -.04 (.04) -.19 (.04) ***
recommendations
Avg. time taken .00 (.00) .00 (.00) .00 (.00) .00 (.00)
Attention check .00 (.01) .00 (.01) -.04 (.02) -.02 (.02)
Task difficulty .00 (.01) -.00 (.01) -.01 (.01) -.02 (.01) *
AI trustworthiness .00 (.01) -.00 (.01) .01 (.01) .01 (.01)
Age (logged) -.05 (.02) * .03 (.02) -.06 (.03) -.03 (.03)
Male -.01 (.01) -.02 (.01) .01 (.02) .03 (.02)
College .03 (.01) * -.01 (.01) .03 (.02) .02 (.02)
Random Effects V (<J) V (<J) V (<J) V (<J)
Individual .00 (.05) .00 (.07) .01 (.12) .01 (.11)
Residuals .01 (.08) .01 (.08) .01 (.09) .01 (.08)
Number of Images 19 13 19 13
N 398 398 398 398
Note: *p < .05, **p < .01, and ***p < .001.
See Table A.1 in appendix for detailed results of each model.
B = Estimate, SE = Standard Error, V = Variance, a = Standard Deviation, N = Number of Observation
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Participants had higher confidence when provided uncertainty information for 
animals (fi = .11, t = 2.81, p = .005, d  = .004), but there was no effect for plants (p = .07). 
This suggests that participants may have used the AI recommendations for confirmation, 
increasing their confidence. However, this did not work for plants, when they had low 
domain knowledge. In addition, perceived AI usefulness increased confidence for plants 
(fi = .55, t = 8.90, p < .001, d  = .29) and animals (fi = .48, t = 9.17, p < .001, d  = 1.35), 
consistent with Table 3.
When separated by plants and animals, domain knowledge significantly increased 
confidence, but not accuracy in Table 7. For both plants and animals, domain knowledge 
did not significantly increase post-AI accuracy (p >.01). This suggests that domain 
knowledge did not allow participants to better leverage the uncertainty information. 
However, domain knowledge significantly increased post-AI confidence for both plants 
(fi = .19, t = 3.20, p = .002, d  = .08) and animals (fi = .28, t = 5.54, p < .001, d = .08). 
This suggests that participants with higher domain knowledge tended to be more 
confident in the post-AI assessment, although the reasons may be different between 
plants and animals.
In most of the models, the interaction between domain knowledge and uncertainty 
information was not significant (see Models 1-3, Table 7). However, for animal images, 
post-AI confidence increased when no uncertainty information was provided and stayed 
constant when AI information was provided (see Figure 5d). In Model 4 (Table 7), the 
interaction of animal domain knowledge and uncertainty information decreased 
confidence (fi = -0.21, t = -2.95, p = 0.004, d  = 0.03). The interaction estimate effectively 
cancels out the effect of domain knowledge (0.28 -  0.21). This suggests that participants
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who received uncertainty information tended to not have different confidence levels 
despite varying in terms of domain knowledge.
It is important to note that there were more images of plants than animals. As a 
result, participants were penalized less for each mistake on the plant images (18/19 = 
95%) than the animal images (12/13 = 92%). Some, but not all, of the differences in 
results for plants and animals can be attributed to this difference. Additionally, no 
participant who were randomly placed in receiving the uncertainty information reported 
plant knowledge higher than 0.6.
Figure 5. Effect of animal (b, d) and plant (a, c) domain knowledge on accuracy (a, b) 
and confidence (c, d). For animal domain knowledge, the effect of uncertainty 
information on confidence (d) decreases as domain knowledge increases. Dotted red line 
represents AI accuracy in plants (58%) and animals (62%).
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Table 7. Linear regression model suggests the interaction of animal domain knowledge 














Intercept .40 (.08) *** .42 (.08) *** .51 (.12) *** .46 (.11) ***
Uncertainty information .08 (.02) *** .04 (.03) .05 (.03) .11 (.04) **
Domain Knowledge .04 (.04) .05 (.04) .19 (.06) ** .28 (.05) ***
Knowledge*Uncertainty information .01 (.07) .00 (.05) -.23 (.10) * -.21 (.07) **
Avg. time taken -.00 (.00) .00 (.00) .00 (.00) .00 (.00)
Attention check .02 (.02) .00 (.02) -.04 (.02) -.01 (.02)
Avg. AI usefulness .11 (.04) * .14 (.04) *** .55 (.06) *** .48 (.05) ***
Task difficulty .02 (.01) ** .01 (.01) -.01 (.01) -.02 (.01) *
AI trustworthiness -.00 (.01) -.01 (.01) -.02 (.01) -.01 (.01)
Log(age) -.02 (.02) .02 (.02) -.07 (.03) * -.05 (.03)
Gender (male = 1) -.01 (.01) -.02 (.01) .01 (.02) .02 (.02)
Education .03 (.01) * -.02 (.01) .02 (.02) .04 (.02) *
(college = 1)
N 199 199 199 199
Adjusted R2 .19 .10 .40 .42
F 5.25 2.89 13.13 14.07
Note: *p < .05, **p < .01, and ***p < .001
5. CONCLUSION
In a mixed-subject design, participants performed an image recognition task with 
and without AI recommendations (within-subjects). With the AI recommendations,
participants were randomly assigned to receive or not receive uncertainty information
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(between-subjects). We also used a self-reported measure of domain knowledge related to 
plants and animals to evaluate the effect of domain knowledge. We hypothesized that (1) 
post-AI accuracy and confidence will be higher, (2) accuracy and confidence of 
participants receiving uncertainty information will be higher than participants who did 
not receive it, and (3) the interaction between AI recommendations and uncertainty 
information with domain knowledge will increase accuracy.
Based on the results, we have 3 primary findings, (1) AI recommendations 
increased accuracy and confidence overall, (2) uncertainty information increased 
accuracy but did not affect users’ confidence, and (3) domain knowledge interacting with 
AI recommendations and uncertainty information decreased confidence, particularly for 
animals. In our study, AI recommendations improved users' accuracy and confidence 
across all the models, even in different domains. None of the other covariates were 
significant, suggesting the increase in accuracy and confidence was mainly due to AI 
recommendations. In general, the human-AI team did not perform better than the AI 
alone, similar to studies on recidivism prediction (Green & Chen, 2019; Grgic-Hlaca et 
al., 2019; Lin et al., 2020) and unlike high-stakes healthcare studies (Bien et al., 2018; 
Lakhani & Sundaram, 2017; Patel et al., 2019; Xiong et al., 2020). Similar to this study, 
the recidivism studies used laypeople from online survey platform like Amazon mTurk, 
whereas the healthcare studies used specific domain experts.
Uncertainty information improved accuracy but did not affect confidence. Even 
though the overall accuracy improved, uncertainty information had significant effects on 
plant images but not animal images which could mean the effects of uncertainty may 
depend on domain knowledge as well. Results also indicate that participants found the AI
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recommendations and uncertainty information useful, which suggests they may have 
been relying on the AI more which agrees with the findings of Antifakos et al. (2005). 
However, unlike the results from our study, Gkatzia et al. (2016) found uncertainty 
information to increase users’ confidence as well. Providing numbers, text, and visual 
together could be reason Gkatzia et al. (2016) found significant results in their study. In 
addition, complexity of this study is significantly higher than Gkatzia et al. (2016).
The interaction effects between domain knowledge and AI recommendations or 
between domain knowledge and uncertainty information is situational since the 
interaction effects are significant in decreasing the confidence of the participants for 
images of animals only. Overall, participants reported higher domain knowledge for 
animals than plants. Results also suggest that participants were more accurate in 
identifying animal images. Results indicate domain knowledge increased users’ 
confidence consistently across both domains. Effect of AI recommendations on accuracy 
was larger in plant images and on confidence was larger in animal images suggesting that 
users relied on AI more when domain knowledge was low (plants) and used Al’s 
recommendations as confirmation when domain knowledge was high (animals). Results 
of uncertainty information on accuracy and confidence across both domains are similar to 
the effects of AI recommendations. The interaction effect between domain knowledge & 
AI recommendations and domain knowledge & uncertainty information significantly 
decreased users’ confidence in animal domain. This suggests that AI recommendations 
had little effect on confidence when domain knowledge was high. Results also suggests 
that participants who received uncertainty information tended to not have different 
confidence levels despite varying in terms of domain knowledge.
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This study also has its limitations. Participants were gathered from Prolific, as it 
would be expensive and difficult to gather experts for this study. The domain knowledge 
scores were self-reported and may not reflect the true level of knowledge as people might 
not be a good judge and may have been influenced by their perception of task 
performance. As Greis et al. (2017) and Zhou et al. (2015) mention, research on users’ 
confidence due to AI recommendations and uncertainty information is limited. So, future 
work should continue to examine this outcome. Research on expert vs novice interacting 
with decision support systems in high-stake situations were also limited.
In the future, studies can focus on domain knowledge interacting with 
recommendation systems for high-stake decisions to determine the effects on users’ 
metacognition. Since domain knowledge effects carry less weight in this study due to 
subjective interpretation, in the future, it is recommended to design an experiment where 
domain knowledge interaction with recommendation systems is examined in terms of 
expert vs. novices.
Decision support systems are integrated into various fields at an increasing rate. 
However, effects of providing uncertainty information on users’ accuracy and confidence 
is still being researched. Results of this study indicate that user’s performance will 
improve with AI recommendations and uncertainty information. So, it will be valuable 
for decision support systems to provide uncertainty information in more than one format 
along with the AI recommendations.
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The results of both studies suggest that AI recommendations significantly 
improve the accuracy of the participants. In Paper I, results indicated that ranked multiple 
AI recommendations improves accuracy rather than single AI recommendations. Paper II 
confirms that ranked multiple AI recommendations improve the accuracy of the 
participants across all domains as well. Paper II also suggests that ranked multiple AI 
recommendations significantly improve participants’ confidence. Results of both these 
studies agree with the literature reviewed on recidivism prediction with AI 
recommendations (Green & Chen, 2019; Grgic-Hlaca et al., 2019; Lin et al., 2020). 
However, studies in this thesis and in recidivism studies, human-AI teams performed 
better than humans but not the AI alone. All these studies included laypeople making the 
decisions so, future studies should design experiments in terms of experts vs novices to 
compare results with studies that suggests Human-AI teams perform better than humans 
and AI alone (Bansal et al., 2020; Bien et al., 2018; Lakhani & Sundaram, 2017; Patel et 
al., 2019; Rosenberg & Willcox, 2019; Xiong et al., 2020).
The literature reviewed also support that accuracy increased when AI 
recommendations uncertainty information is provided (Bansal et al., 2020; Fernandes et 
al., 2018; Gkatzia et al., 2016). The effects of providing AI recommendations uncertainty 
information on accuracy were unclear in Paper I as it was presented in terms of 
confidence bars that were monochrome and were overlapped by texts. Limitations of 
Paper I helped design the representation of uncertainty information in Paper II better
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which confirmed uncertainty information will significantly improve participants 
accuracy. In Paper II, uncertainty information was provided both numerically and 
visually in terms of percentage values and bars. The bars were color coded to signify 
varying uncertainty and were separated from texts as well. As a result, the saliency of 
representing uncertainty information improved in Paper II which may have been the 
reason participants accuracy improved in Paper II compared to Paper I.
Gkatzia et al. (2016) found providing uncertainty information in terms of texts, 
numbers, and graphs improved users’ confidence however, research on AI 
recommendations uncertainty information effect on users is limited (Greis et al., 2017; 
Zhou et al., 2015). Effects of uncertainty information on participants’ confidence is 
unclear in Paper II. Future studies should examine the effects of uncertainty on users’ 
confidence. One method would be improving the Al’s accuracy on its top 
recommendation and involving domain experts.
Lastly, our findings agree with the literature reviewed -  high domain knowledge 
increases accuracy (Brand-Gruwel et al., 2017; Snow et al., 2008). Participants reported 
higher domain knowledge for animals than plants and results show that confidence 
increased across both domains suggesting that domain knowledge more consistently 
increased confidence. Results of Paper II indicates that AI recommendations improved 
accuracy across both domains however, the effect was larger for plant images suggesting 
that participants relied on AI more when domain knowledge was low which is similar to 
findings of Wang & Benbasat (2013).
Providing uncertainty information significantly improved accuracy in plants but 
not for animals, again indicating that participants relied on AI more when domain
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knowledge was low. This finding agrees with Bussone et al. (2015) who also found 
participants rely on AI uncertainty information more when domain knowledge is low.
The interaction between AI recommendation and knowledge or uncertainty information 
and knowledge was situational as it only showed significant effects on animal images 
domain by decreasing users’ confidence only. This suggests that AI recommendations 
had little effect on confidence when domain knowledge was high.
Results also suggests that participants who received uncertainty information 
tended to not have different confidence levels despite varying in terms of domain 
knowledge. Research on different levels of knowledge interacting AI recommendations 
or AI recommendations uncertainty information is limited so future work can include 
investigating this further. Domain knowledge was self-rated by the participants at the end 
of the experiment of Paper II. In the future it will be beneficial if the experiment is 
designed in terms of expert vs novice. It would be ideal if the experiment setting involves 
a high-stakes scenario. In addition, one could examine the effects of AI recommendations 
and uncertainty on accuracy and confidence when there is a time limit like kidney organ 
transplant process. In a kidney organ allocation process several stakeholders make 
decisions from Organ Procurement Organizations (OPOs), Transplant Centers (TCs), and 
organ recipients typically in a very short time frame. A National Science Foundation 
(NSF) planning grant funded project focuses on reducing the kidney discard rate in the 
kidney allocation process with the use of an AI decision support system. Results of this 
thesis can be applied when designing the AI for users by providing multiple AI 
recommendations in ranked order instead of single AI recommendations. Providing AI
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recommendation’s uncertainty information both numerically and visually through bar 




Table A.1. Mean of individual cognitive measures responses show that participants found 
the AI information more useful than reliable.
AI recommendation w/o 
uncertainty information
AI recommendations w/ 
uncertainty information
AI Reliability Scales
The AI always provided the advice I  





The AI performed reliably. 4.16 (1.54) 4.44 (1.45)
The AI responded the same way under the 
same conditions at different times.
4.32 (1.48) 3.94 (1.49)
I  could rely on the AI to function 
properly.
4.20(1.44) 4.20 (1.39)
The AI evaluated the images consistently. 4.32 (1.56) 4.28 (1.36)
AI Usefulness scales
Using the AI recommendations improved 
my performance.
4.82 (1.40) 5.42 (0.99)
Using AI recommendations in the task 
increased my productivity
4.94 (1.56) 5.38 (1.08)
Using the AI recommendations in the task 
enhanced my effectiveness.
4.88 (1.64) 5.51 (1.02)
I  found the AI to be useful in completing
the task
4.98 (1.49) 5.64 (1.05)
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Table A.2. Linear mixed effects regression model suggests the interaction of animal 
domain knowledge and AI recommendations decreases confidence.
Accuracy Confidence
Fixed Effects Model 1: Model 2: Model 3: Model 4:
Plants Animals Plants Animals
B (SE) B (SE) B (SE) B (SE)
Intercept 0.26 (0.01) *** 0.43 (0.02) *** 0.33 (0.01) *** 0.31 (0.02) ***
AI 0.24 (0.01) *** 0.16 (0.02) *** 0.15 (0.01) *** 0.23 (0.02) ***
Recommendations
Domain 0.06 (0.03) 0.10 (0.03) ** 0.27 (0.05) *** 0.37 (0.04) ***
Knowledge
Knowledge*AI -0.06 (0.04) -0.05 (0.03) -0.04 (0.04) -0.19 (0.04) ***
recommendations
Random Effects V (a) V (a) V (a) V (a)
Individual 0.00 (0.05) 0.00 (0.07) 0.01 (0.12) 0.01 (0.11)
Residuals 0.01 (0.08) 0.01 (0.08) 0.01 (0.09) 0.01 (0.08)
Number of Images 19 13 19 13
N 402 402 402 402
60
Table A.3. Linear regression model suggests the interaction of animal domain knowledge 
and uncertainty information decreases confidence
Accuracy Confidence
Model 1: Model 2: Model 3: Model 4:
Plants Animals Plants Animals
B (SE) B (SE) B (SE) B (SE)
Intercept 0.46 (0.01) *** 0.55 (0.02) *** 0.44 (0.02) *** 0.46 (0.03) ***
Uncertainty 0.07 (0.02) *** 0.06 (0.03) 0.10 (0.03) ** 0.14 (0.05) **
information
Domain Knowledge 0.01 (0.04) 0.07 (0.04) 0.34 (0.06) *** 0.31 (0.06) ***
Knowledge*Uncerta -0.02 (0.07) -0.04 (0.05) -0.33 (0.11) ** -0.26 (0.09) **
inty information
N 2 0 1 2 0 1 2 0 1 2 0 1
Adjusted R2 0 . 1 1 0.05 0 . 1 1 0 . 1 1
F 9  3 0 *** 4.39** 9.93*** 9.42***
Note: *p < .05, **p < .01, and ***p < .001
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Table A.4. Linear mixed effects regression shows that domain knowledge significantly
increased participants overconfidence.
Over confidence 1 Over Over Over
confidence 2 confidence 3 confidence 4
Plants Animals
B (SE)___________ B (SE)_________ B (SE)_________B (SE)
Intercept 0.07 (0.01) *** 0.20 (0.13) 0.22 (0.14) 0.07 (0.15)
AI Recommendations - 0.04 (0.01) *** - 0.04 (0.01) *** 0.01 (0.02) 0.07 (0.03) **
Domain Knowledge 0.21 (0.07) ** 0.25 (0.06) ***
Knowledge *U ncertai - 0.06 (0.05) - 0.13 (0.05) **
nty information
Avg. time taken 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Task difficulty - 0.02 (0.01) * - 0.02 (0.01) 0.02 (0.01)
AI trustworthiness 0.01 (0.01) 0.01 (0.01) 0.02 (0.01)
Attention check - 0.05 (0.02) * - 0.03 (0.03) 0.02 (0.03)
log (Age) - 0.03 (0.04) 0.07 (0.04) - 0.06 (0.04)
Male 0.03 (0.02) 0.04 (0.02) 0.05 (0.02)
College 0.01 (0.02) 0.03 (0.03) 0.03 (0.03)
Random Effects V (a) V (a) V (a) V (a)
Individual 0.02 (0.14) 0.02 (0.14) 0.02 (0.14) 0.02 (0.14)
Residuals 0.01 (0.09) 0.01 (0.09) 0.01 (0.11) 0.01 (0.11)
N 402 398 398 398
Note: *p < .05, **p < .01, and ***p < .001
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Table A.5. Effects of uncertainty information on overconfidence is situational however, 















Intercept 0.05 (0.02) ** 0.09 (0.13) 0.10 (0.14) 0.04 (0.14)
Uncertainty - 0.03 (0.02) - 0.06 (0.02) ** - 0.01 (0.03) 0.07 (0.05)
Information
Domain Knowledge 0.12 (0.07) 0.22 (0.06) ***
Knowledge*Uncerta - 0.16 (0.11) - 0.22 (0.09) *
inty information
Avg. AI use 0.47 (0.07) *** 0.40 (0.07) *** 0.33 (0.07) ***
Avg. time taken 0.00 (0.00) 0.00 (0.00) 0.00
Task difficulty - 0.03 (0.01) ** - 0.02 (0.01) * - 0.03 (0.01) *
AI trustworthiness - 0.01 (0.01) - 0.01 (0.01) - 0.00 (0.01)
Attention check - 0.05 (0.02) - 0.02 (0.03) - 0.01 (0.03)
Log(age) - 0.05 (0.04) 0.07 (0.04) * - 0.08 (0.04) *
Male 0.02 (0.02) 0.05 (0.02) * 0.04 (0.02)
College 0.01 (0.02) 0.06 (0.02) * 0.06 (0.04) *
N 201 199 199 199
Adj-R2 0.01 0.26 0.24 0.22
F 2.03 8.59 *** 6.84 *** 6.03 ***
Note: *p < .05, **p < .01, and ***p < .001
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